Abstract-The need for new therapeutic interventions to treat pharmacologically resistant focal epileptic seizures has led recently to the development of closed-loop systems for seizure control. Once a seizure is predicted/detected by the system, electrical stimulation is delivered to prevent seizure initiation or spread. So far, seizure prediction/detection has been limited to tracking noninvasive electroencephalogram (EEG) or intracranial EEG (iEEG) signals. Here, we examine seizure prediction based on local field potentials (LFPs) from a small neocortical patch recorded via a 10×10 microelectrode array implanted in a patient with focal seizures. We formulate the seizure (ictal) prediction problem in terms of discriminating between interictal and preictal neural activity. Using deep Convolutional Neural Networks (CNNs), we show that periods of preictal activity can be successfully discriminated (80% detection; no false positives) from periods of interictal activity several (2 -18) minutes prior to seizure onset. CNN input features consisted of the spectral power of LFP channels (1-second time windows) computed in 50 frequency bands (0 -100 Hz; 2 Hz steps). Our preliminary results show that intracortical LFPs may be a promising neural signal for seizure prediction in focal epilepsy.
I. INTRODUCTION
The prediction of epileptic seizures remains an important problem in neuroengineering. Epilepsy is one of the most common neurological disorders affecting ~ 60 million people worldwide [1] . In a substantial proportion of those, pharmacological, and even resective surgery, intervention is not a successful approach for seizure control. Alternative therapeutic interventions based on closed-loop systems for seizure prediction/detection combined with electrical stimulation have been examined (e.g. the NeuroPace clinical trial [2] ). These previous studies used spatially coarser signals of neural activity (e.g. iEEGs), which consist of spatial averages over populations of millions of neurons.
Here, we present preliminary analysis of seizure prediction based on local field potentials, which consist of a much finer spatial scale with respect to iEEGs. LFPs were recorded from a high density microelectrode array implanted in the neocortex of a patient with focal epilepsy [3] [4] [5] . We have previously reported early detection of focal seizures, i.e. detection of a seizure already in its initial stages, based on these microelectrode array signals [6, 7] . In this study, we focus on actual prediction by detecting differences between interictal states, i.e. cortical states during normal periods of activity away from seizures (ictal states), and preictal states, i.e. states that occur in the period immediately preceding seizure onset.
II. METHODS

A. Data Acquisition and Preprocessing
Neural data were recorded from a patient with pharmacological intractable focal epilepsy at Massachusetts General Hospital under approval by its Institutional Review Board. A 10 × 10 (4 mm × 4 mm) NeuroPort microelectrode array (Blackrock Microsystems, Utah), was implanted in the middle temporal gyrus (Figure 1 ). Based on subdural electrocorticograms (ECoGs), the microelectrode array was ~ 2 cm away from the putative seizure onset zone.
Neural data were recorded continuously for more than a week, in which the patient presented several focal seizures. In this preliminary study, we focus on a subset of these data including 5 clinical seizures. For more details on the clinical case and data recordings, see reference [4] , patient P1.
Field potentials (0.3 Hz -7.5 kHz) were originally sampled at 30 kilosamples per second. These original signals were then lowpass filtered (fourth-order Butterworth filter, cutoff at 500 Hz) and downsampled to 2 KHz. We removed 16 out of 96 recorded channels due to faulty recordings and low signal to noise ratio (SNR). Figure 1 shows example LFP recordings before and during a focal epileptic seizure.
B. Feature Extraction and Data Labeling
Features were extracted from the power spectrum of each LFP channel computed on 1-second time windows (0.5-second time overlap). We used multitaper spectral estimators [8] , with a bandwidth of 4 Hz, which resulted in 3 tapers. The power spectrum in the range of 0 -100 Hz of each time window was partitioned into 2 Hz bands, which resulted into 50 features per channel. After concatenating the features over all of the selected LFP channels, we obtained an 80×50 feature matrix for each time window. Figure 2 .a shows sample feature matrices for interictal and preictal periods, respectively. To assess the predictability of seizures, we adopted here the following scheme based on a hypothesized distinction between interictal and preictal states or periods. A 5-minute period preceding each of the 5 seizures was defined as preictal periods. As stated above, recorded LFP time series, excluding seizures and a 20-minute postictal period, were partitioned into 1-second segments, which were then labeled as interictal or preictal. The total interictal data consisted of 8.2 hours of data, including (228, 81, 96, 44 and 43)-minute interictal sequences corresponding to seizures 1 -5, respectively. Figure 2 .b presents a schematic diagram of preictal and interictal feature matrices, in which matrices within 5 minutes before the ictal onset are labeled as the preictal class (red), and feature matrices before that as the interictal class (black).
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C. Classification via Convolutional Neural Networks
Our goal is to demonstrate that interictal and preictal samples can be classified correctly based on the spectral features defined here. A successful classification would imply that one can also successfully predict an upcoming seizure.
For classification purposes, we used deep Convolutional Neural Networks (CNNs). Multilayer CNNs have been a topof-the-shelf machine learning tool for image and speech recognition and have also been previously used in ECoGbased seizure prediction [9] . The two nodes in the visible output layer corresponded to the two class labels, i.e. interictal and preictal, respectively. Figure 2 .c shows the CNN structure with three hidden convolutional layers and two subsampling layers.
The performance of the CNN approach was assessed under a "leave-one-seizure-out" cross-validation scheme. Specifically, data corresponding to each of the five selected seizures were organized into five data sequences, each containing interictal and preictal data. A CNN was trained on four data sequences and tested on the remaining test sequence, and so on such that each sequence played the role Fig. 3) .In this study, we defined a preictal period consisting of the 5-minute interval immediately preceding the seizure onset.
of a test sequence once. We examined different numbers of iterations ("epochs"), ranging from 1 to 100, in the training of each CNN. The scores of the node corresponding to the "preictal" label in the topmost layer were used for prediction. Figure 3 (first row) shows the predictive score of a CNN trained with increased number of iterations (epochs) under cross-validation. The predictive score, a number between 0 and 1, was computed for the test data sequence including interictal and preictal leading to seizure-1. It can be seen that the predictive score substantially deviates from 0 during the period immediately preceding the seizure onset (at time zero) for CNNs trained with > 20 -30 iterations. A seizure prediction was defined as the time point where the predictive score crossed the prediction threshold, which was set here at 0.5. A preictal classification made before the start of the a priori defined preictal period was considered correct if the general trend of score function extended over the preictal period. Higher number of iterations improved sensitivity and reduced false positives. Figure 3 (second row) shows the predictive score after 100 training epochs, in which the seizure is predicted at 2.5 minutes before the ictal onset. Figure 3 (third and fourth rows) show the predictive scores for interictal/preictal data sequences corresponding to seizures 2 to 5, respectively. Seizures 3, 4, and 5 were predicted 18, 3.5 and 7 minutes before the ictal onset, respectively. For seizure-2, however, the predictive score did not cross the prediction threshold. Nevertheless, the predictive scores corresponding to this seizure did peak (score = 0.25) at 8 and 2 minutes before the ictal onset.
III. RESULTS
A. Training CNNs for Seizure Prediction
B. Leave-one-seizure-out Analysis
Under the chosen threshold, there were no false positives, and 4 seizures were predicted giving an 80% sensitivity, with an average 7.75 minute early prediction time.
IV. CONCLUSION
Our preliminary analysis in one patient with focal epilepsy shows that seizure prediction based on LFPs recorded from intracortical microelectrode arrays are a promising approach warranting further investigation in a larger datasets and number of patients, as well as detailed comparison with approaches based on other types of intracranial recordings. In this study, preictal periods were defined a priori as 5-minute periods preceding seizure onsets. The duration of preictal periods may vary from seizure to seizure and a more principled way to define these periods, especially for training data purposes, needs to be developed. In some cases, there might also be a gradual "build up" of activity from interictal to preictal periods, potentially explaining the gradual rise of the scores before their abrupt change, as for example in seizure 3. Also, a systematic approach for selection of prediction thresholds and prediction time horizons needs to be developed. In addition, we applied a multilayer CNN to very simple spectral power features. We plan to examine in the future the use of more complex CNNs and spectral features (including higher frequency bands and temporal information, e.g. spectrograms). Also, different training schemes and threshold selection, which will require a "two-stage" approach, need also to be examined in a more systematic manner. Furthermore, we hope to extend our study to include, beyond the LFP signals examined here, neuronal spiking activity in single neurons and multiunit activity recorded by these microelectrode arrays. 
